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ABSTRACT
Understanding and supporting school student groups’ progress in
educational robotics classes is demanding because the groups usu-
ally take unpredictable paths in problem solving. To improve teach-
ers’ possibilities for intervention at the right time, we have intro-
duced OpenMonitoring Environment (OME) that allows the teacher
to monitor, model and, thus, understand, the learning process based
on the real data rising from the current learning setting. In paral-
lel with developing the OME, we have defined a Conflative Learn-
ing Environment (CLE) approach that guides construction process
of environments for unpredictable learning settings. The environ-
ments built by following the CLE approach allow teachers to blend
design and development activities of a learning environment with
their conventional work in the classroom. The aim of the role blend-
ing process is to make the learning environment to support facilita-
tion better also in unpredictable learning situations.
The OME uses a novel approach where rules derived from the
learning process are open for revision by the teacher. The rules
are used to extract pedagogically and contextually meaningful pat-
terns of actions from the data flow that various agents produce in
the robotics environment. For example, the agents may observe the
type and frequency of students’ interactions with the learning envi-
ronment and deliver this data for further processing to the teacher’s
monitoring environment. By using his or her pedagogical expertise
the teacher modifies the rules to describe the current learning pro-
cess. Deriving the pedagogically meaningful rules from an unpre-
dictable learning setting where agents produce excessive amount
of data is usually too difficult for the teacher. The OME features a
data mining approach, which helps the teacher to create potentially
meaningful rules. In line with the design principles of the OME
and the CLE approach, the whole data mining process is accessible
and transparent for the teacher. Similar student modelling and data
mining processes in the learning environments work typically in a
black box and only results are visible for the users.
The work presented is a result of an experimental development
research with initial implementations of the OME. The OME was
tested in authentic educational robotics settings in a Finnish after-
school technology club and in a South African primary school. The
results show that the teachers can use their pedagogical expertise
effectively to analyse their students’ progress, as informed by the
OME. Furthermore, the results show that open data mining tech-
niques, and decision trees in particular, can be used to support
teachers’ intervention in robotics classes.
Universal Decimal Classification: 004.42, 004.6, 37.091.26, 37.091.321,
37.091.33
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1 Introduction
New learning environments based on modern technology set new
kinds of professional expectations for teachers. Besides facilitating
students’ learning, teachers should be able to use technology ef-
fectively throughout curriculum. Also, traditional views on learn-
ing, where all students progress synchronously through predefined
steps and reach the learning goal approximately in the same way
and same time, are changing towards more asynchronous and var-
ied learning paths where emphasis is on students’ project oriented
learning [24]. Teachers working in these learning settings are, how-
ever, often uncomfortable how to facilitate students’ learning pro-
cess or even how to assess learning outcomes [48].
Educational robotics is an example of the modern learning en-
vironments that provide attractive possibilities for teaching at var-
ious school levels and subjects [12]. However, teachers working in
a robotics class often face the fact that following student groups’
progress is difficult because the groups usually take different and
unpredictable paths when solving the tasks that are usually open-
ended and allow room for students’ creativity when planning and
implementing the project. The teachers are required to manage of-
ten unexpected situations and problems in the classroom [12]. Fur-
thermore, different phases of the students’ problem solving pro-
cesses produce useful information that the teacher should be aware
of. This leads to a situation where the teacher does not necessarily
notice important events that essentially define the progress of the
learning processes.
In line with the new expectations for the teachers, the learn-
ing environments should provide support for the teachers on fa-
cilitating asynchronous and unexpected learning in the classroom.
For example, teaching and learning processes in an educational
robotics setting are not static. Students do have different prefer-
ences for example when it is an appropriate time to start program-
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ming. Some students and groups prefer to program the robot as
soon as possible, even when the robot’s construction is not fully
completed, whereas others spend longer time on finalizing all de-
tails of the robot’s physical construction before the first attempts on
programming. Hence, the learning environments supporting these
processes need to be adaptable. This means that applications need
to be open for a constant refinement that goes beyond the normal
use of a learning environment or an application in the classroom,
that is, blending the roles between an end-user (a teacher or a stu-
dent) and a software developer.
Role blending requires a development approach that allows con-
stant changes to the applications in on-the-fly basis. As a result of
our research, we devised a Conflative Learning Environment (CLE)
approach. The CLE defines characteristics, working methods, and
implementation principles for a learning environment that allow
role blending for example between a teacher and a software devel-
oper. According to the CLE approach, the development process of
a learning environment takes place through iterative modelling cy-
cles instead of conventional software development processes with
strict roles of a developer and a user and a pre-defined product life
cycle.
The main result of this research, an Open Monitoring Environ-
ment, was developed by following the requirements of the CLE ap-
proach. The OME aims to improve teachers’ possibilities for inter-
vention at the right time in educational robotics classes by allow-
ing the teacher to monitor and model the learning process based
on the experimental data rising from the current learning setting.
The OME automatically gathers data from the educational robotics
classroom and processes this data to collections and visualisations
that are relevant for the current learning context. The collections
and visualisations are based on the rules that are developed for clas-
sifying students’ progress and detecting unexpected events. The
rules are refined constantly throughout the usage process of the
monitoring environment by a technical modeller (developer) and a
pedagogical modeller (teacher). The rules are open for the teacher’s
2 Dissertations in Forestry and Natural Sciences No 121
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revision and he or she can interpret the events in the classroom by
exploring the learning progress classifications based on the rules,
and modify the rules freely to make them meaningful for the cur-
rent teaching context, taking into account for example the order of
actions that the students take during their project.
However, the amount of data that can be extracted from the
educational robotics learning process is too large and complex for
manual processing. Deriving the rules from the data flow requires
semi-automated tools that can be used to initialise the rule creation
and refinement process. As a part of the OME, we implemented an
open data mining functionality that enables transparent and active
rule creation by allowing the teacher to classify a sample set of the
events for the data mining algorithm (so called training set), and
to control the classifier creation process. A decision tree classifier
is created upon teacher’s manual initiation in an appropriate mo-
ment of the learning activity, and the created classification rules are
used to bring visual clues for the teacher about the student groups’
progress. The semi-automatically created classifier can be used as
a starting point for iteratively building a contextually meaningful
support environment.
A visual representation of the classifier rules in the form of the
decision tree in the OME shows patterns of actions that the students
may go through with their robotics project. In this way, the OME
can be used not only for predicting the progress, but also for ex-
ploring the past event and reasons behind them, hence supporting
a teacher’s abductive reasoning process. Abduction has been seen as
a potential approach in informatics when facing vague or even un-
recognised problems [59]. Traditional data mining applications in
learning environments keep the classification processes in a black
box and only the results are visible for the users of the learning
environment. In the OME, the teacher uses his or her pedagogical
expertise and experiments with data mining tools to build a set of
rules and visualisations that helps him or her to interpret the cur-
rent learning process. By opening up the data mining process for
the teacher, the environment supports teacher’s abductive reason-
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ing when he or she is exploring explanations behind the current
events in the classroom.
In this work, we have used Empirical Modelling (EM) tools [52]
to build the OME. The EM tools form a unique modelling environ-
ment where the end-user is taken out from the traditional role of
using an application. The EM is a collection of tools and principles
for modelling real-world phenomena based on modeller’s empiri-
cal observations. The model is captured based on a modeller’s ex-
periences about the state of the subject (”state-as-experienced” ap-
proach) [52]. An essential feature of the EM approach is that, after
an initial definition, the EM environment automatically keeps the
model updated according to specific links between different parts
of the model. This is similar to spreadsheet applications where
values of the cells are updated automatically according to formu-
las that might contain references to other cells. Use of Empirical
Modelling and different concepts connected to it are illustrated in
Section 4.3. In EM, the working environments for the developer and
the user are essentially the same, and all changes to the EM model
are effective immediately, allowing the user to adjust in principle
all details of a model. In the OME, this feature of the EM tools
is used especially to enable learning process modelling with real-
time events and rules derived from them, in contrast to traditional
Intelligent Tutoring Systems (ITS) where the learning modelling is
usually based on pre-defined, and hence, static rules. The EM tools,
such as tkeden and various notations of the EM environment, as well
as working processes of the EM, are well aligned with the CLE ap-
proach. EM environment enables building learning environments
that are bound to the current classroom scenario in an open and
flexible way. Figure 1.1 illustrates how the key concepts of the re-
search relate to each other.
We have tested the OME in various educational robotics set-
tings in Finland and South Africa. Evaluation shows that the OME
provides suitable support for teachers who are novices in an ed-
ucational robotics classroom. The teachers were able to use the
OME to support their pedagogical expertise to identify the prob-
4 Dissertations in Forestry and Natural Sciences No 121
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and events
Figure 1.1: Key concepts and their relations
lems otherwise unnoticed and intervene to student groups’ work.
From a technical point of view, the results show that the imple-
mented OME architecture is suitable for collecting and processing
data from a robotics classroom, and data mining methods imple-
mented as a part of the OME are efficient for classifying students’
progress.
This research has been conducted by following a development
research framework [58]. The analysis (literature reviews, data col-
lection, experiments, interpretation of results, reporting) and de-
velopment work (need analysis, software development, modelling,
testing) have followed each other in iterative cycles, where the re-
sult of a completed stage serves as an input for the following stage.
Moreover, the CLE approach itself adopts features similar to the de-
velopment research framework, and especially experimental parts
of this research have followed the CLE approach.
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2 Questions and Methods
2.1 RESEARCH QUESTIONS
The research objective of the thesis is to develop a concept and ap-
propriate tools to support teachers’ facilitation process and intervention
strategies in unpredictable learning environments, such as educational
robotics classes. The research problem was divided into four de-
tailed research questions, which were answered by conceptualising
the Conflative Learning Environment (CLE) approach, and by de-
veloping an Open Monitoring Environment (OME). The OME was
tested by experimenting with it in various educational robotics set-
tings in Finland and South Africa. The lessons learned during the
experiment, together with research literature, guided the iterative
design-based research process. The detailed research questions in-
volved in the process were as follows.
Q1: What are teachers’ expectations for modelling learning progress
in educational robotics environments?
Educational robotics as a learning environment leads often stu-
dents to take unpredictable paths to problem solving. The robotics
projects and problems in them are often open-ended, comparing
to the closed problems in a more teacher-driven learning environ-
ment. The teachers working in educational robotics environments
face problems in following the students’ progress especially when
they work in small groups. Traditional Intelligent Tutoring Sys-
tem (ITS) approaches and tools do not necessarily fulfil teachers’
requirements, as they only offer the teacher a set of predefined op-
tions for interaction, and options to modify the environment to sup-
port diverse learning settings are limited. Question Q1 is answered
in Chapter 3 by identifying the teaching challenges in existing edu-
cational robotics settings.
Q2: How is it possible to conceptualise the modelling process?
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The continuously changing learning setting needs to be mod-
elled based on empirical observations rising from the current set-
ting. To realise an environment that supports empirical modelling
of a learning progress, there is a need to conceptualise the processes
related to building and using the environment. We have formulated
a Conflative Learning Environment (CLE) approach, which defines
these processes. The CLE suggests that roles, tasks, and working
environments of different actors in the learning environment de-
velopment and usage processes should be blended. It is, however,
obvious that different actors cannot, and even should not, adopt
others’ tasks completely, and there is a need to make a distinction
between pedagogical and technical modelling. By answering this
question, we give suggestions about the level of the role conflation
between the teacher (pedagogical expert) and the developer (tech-
nical expert) in the CLE approach. Question Q2 is answered in
Chapter 3.
Q3: What are technical requirements for implementing a learning
environment based on the CLE approach?
The Open Monitoring Environment (OME) was developed and
evaluated as a part of this research. The OME is an example of
a learning environment whose development and usage follow the
CLE approach. The OME is a major development contribution of
this research. The OME implementation contains a set of agents
for collecting data from the learning process by observing how stu-
dents interact with the IPPE programming environment and Lego
robots. The teacher follows and manipulates data in a modular
monitoring environment. However, it is crucial to notice that the
OME was developed for monitoring the students in a specific ro-
botics setting, and it is likely that the environment does not fulfil
properly the requirements of another educational robotics setting.
This issue is discussed in the light of the CLE approach, and ques-
tion Q3 is answered in Chapters 4 and 5.
Q4: How does the OME support teachers’ work in unpredictable
robotics settings?
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The OME environment was evaluated in various robotics set-
tings. First, the evaluation focused on technical issues, such as how
the agents work as data collectors and how data mining techniques
could be implemented as a part of the OME. Secondly, we studied
how the OME supports the teachers’ abductive reasoning and stu-
dents’ facilitation in educational robotics classrooms. Question Q4
is answered in Chapter 5.
2.2 RESEARCH PROCESS
The research questions presented above were answered by follow-
ing a development research framework [58]. This framework empha-
sises iterations where an application or a concept is developed based
on existing theories and results from the continuous evaluations.
The research process took two major cycles (Figure 2.1b) within the
development research framework (Figure 2.1a). During the the first
cycle (covered mostly in Papers I - V), we developed and evaluated
the basic functionalities of the OME without having the automated
rule generation for classifying students’ learning progress. The se-
cond cycle consisted of development and evaluation of rule gener-
ation with the help of data mining (covered in Paper VI and Paper
VII). Within the two major cycles, several minor development cyc-
les existed. Figure 2.1b also illustrates how research questions (Q1
- Q4) were under consideration in specific phases of the research
process. Similar phases of the research can be identified from both
development cycles, and the description in Figure 2.1b can be ge-
neralised for both cycles.
2.3 RESEARCHMETHODS
Several research methods were used in order to answer the ques-
tions presented in Section 2.1. Table 2.1 shows how different re-
search methods have been used to answer the specific questions.
Furthremore, Table 2.1 connects research questions to the original
articles and chapters of this thesis. Classification of the research
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First development cycle
OME framework (Papers I - V)
Second development cycle
Data mining (Papers VI and VII)
(a) Two cycles of the development research framework
Analysis of 
the problems
Q1
Development with
theoretical framework
Q2, Q3
Evaluation and
testing
Q3, Q4
Documentation
and reflection
Q1 - Q4
(b) Structure of a cycle in the development research framework (modified
from [58])
Figure 2.1: Development research approach used in this study
methods is based on [22].
Table 2.1: The research methods used in this thesis
Question Method Main articles Chapter
Q1 Literature review I, II 3
Q2 Conceptual analysis II, IV, V 3, 4
Q3 Concept implementation I, III, IV, VI 4, 5
Q4 Case study III, V, VI, VII 5
Literature review was used to study relevant background know-
ledge about different educational robotics settings and learning en-
vironments. The main sources were the most common literature
databases in computer science and educational technology, namely
ACM and IEEE digital libraries. The systematic review focused on
the following journals and conferences with an appropriate mix of
the keywords educational robotics, K-12, programming, data mining,
monitoring, decision tree, learning environment, teacher support, and
learner modelling.
• Journal on Educational Resources in Computing (JERIC), vol.
1 - 8, years 2001 - 2008
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• ACM Transaction on Computing Education (TOCE, formerly
known as JERIC), vol. 9 - 12, years 2009 - 2012
• IEEE Transactions on Education, vol. 46 - 56, years 2003 - 2013
• Journal of Education Data Mining, vol. 1 - 5, years 2009 - 2013
• Proceedings of International Conference on Educational Data
Mining (EDM), years 2008 - 2013
• Proceedings of IEEE International Conference on Wireless,
Mobile, and Ubiquitous Technologies in Education (WMUTE),
years 2007 - 2012
• Proceedings of IEEE International Conference on Digital Game
and Intelligent Toy Enhanced Learning (DIGITEL), years 2007
- 2012
• International Conference on Intelligent Tutoring Systems (ITS),
years 2002 - 2012
Furthermore, the literature analysis was completed with addi-
tional articles from international peer-reviewed journals and con-
ference proceedings as well as published books. These items are
referenced in the appropriate places in the introduction and origi-
nal articles.
Question Q1 was answered mainly by research reviews. The
research literature was used to analyse factors that have led the
reported educational robotics experiments to succeed or fail. Fur-
thermore, the analysis of the problems in the robotics environments
was supplemented with the experiences that I have gained during
the development and utilisation of the Kids’ Club [18] in 2002-2012
in various school and after-school settings.
Question Q2 was answered by analysing the working processes
of researchers, software developers, and teachers who were involved
in the research. Data was collected and analysed in several case
studies that were conducted during the research process (Table 2.1).
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Question Q3 was answered by implementing the Open Monitor-
ing Environment based on the CLE approach. Answering this ques-
tion required various software development and modelling tasks,
for example developing agent architecture to collect data from the
robotics environment and processing information in the OME. The
primary tool for the implementation was Empirical Modelling. Also,
Java was used to implement the mechanisms for data collection.
Question Q4 was answered by conducting four case studies (re-
ferred as CS1 - CS4) in real educational robotics settings. A vari-
ety of appropriate data collection and analysis methods were used
in each experiment. The collection methods include observations,
video recordings, focus group interviews, questionnaires, and log
files of agent messages (students’ interactions with the robotics en-
vironment). The video transcriptions, interviews, and answers for
the questionnaires were analysed qualitatively. Data from log files
was used while developing and testing the new features of the
OME. In particular, the iterative development of the data mining
module of the OME was driven by the results achieved by experi-
menting with data collected during the previous case studies.
Participants in the case studies were 10 - 15 years old primary
and secondary school students (Table 2.2). The participants were in-
dividuals, i.e. same student, teacher, or instructor participated only
in one study. The volunteer Kids’ Club instructors in the studies
CS1 and CS4 did not have pedagogical qualifications. The teachers
in the studies CS2 and CS3 were professional teachers with varying
background on using computers.
Tables 2.2 and 2.3 summarise design of the case studies. The
case studies CS1 and CS4 were carried out in the Kids’ Club re-
search laboratory of University of Joensuu and University of East-
ern Finland (see Section 3.1 for a detailed description of the Kids’
Club). The case study CS2 was carried out in a boarding school in
South Africa. Data that was collected during the case study CS2
was also used in case study CS3 for development of the OME and
for analysing classroom activities retrospectively. The case studies
CS1 and CS3 were divided to two phases. In both cases, the first
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Table 2.2: Participants of the case studies
Study Venue Participants
CS1 Kids’ Club of
University of Joensuu
Phase 1: 8 students
Phase 2: 4 students (10
- 15 years)
CS2 Boarding school, South
Africa
4 teachers
12 students (grade 6 -
9, 12 - 15 years)
CS3 No specific venue
(retrospective analysis)
Phase 1: no
participants
Phase 2: one teacher
CS4 Kids Club of
University of Eastern
Finland
2 instructors
13 students (10 - 13
years)
phase of the study was about developement of a technical feature
of the OME, and the second phase involved human participants to
test the developed feature. Detailed research designs for the dis-
tinct case studies with methodological and technical discussion, in-
cluding reliability and validity, are presented in Chapter 5 and in
corresponding original articles (Table 2.3).
2.4 THE MAIN RESULTS AND CONTRIBUTIONS
The main result of this research is the development and evalua-
tion of the Open Monitoring Environment for educational robotics
classes. The OME integrates well-known technologies, such as soft-
ware agents for data collection and data mining for classifying stu-
dents, by following the principles of the CLE approach, which was
also formulated during the research process. Opening the technical
implementation of the learning environment to the teacher means
that he or she has in principle unlimited possibilities to modify the
details of the environment to match the current context. The OME
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Table 2.3: Summary of the research design
Study Material Collection Method Publication
CS1 Live
interaction
data
Data
logging,
observa-
tions
Mixed Paper III
CS2 Live
interaction
data, video
recording,
field notes
Data
logging,
filming,
focus
group
interview,
observa-
tions
Mixed Paper V
CS3 Logged
interaction
data, video
tapes
Data
logging,
notes
Phase 1:
Quantita-
tive
Phase 2:
Qualitative
Paper VI
CS4 Live
interaction
data and
decision
trees, field
notes
Data
logging,
observa-
tions,
interviews
Qualitative Paper VII
implementation that we used in the case studies opens especially
the data mining process for the teacher and let the teacher to adopt
the traditional roles of a software developer or a domain expert to
his or her own work.
The main results achieved by evaluating the OME show that
teachers working in robotics classes benefit from using the environ-
ment as they are able to model the learning process so that they
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notice students’ problems that most likely would have left unno-
ticed without support from the OME.
The research work presented in the thesis is a collection of seven
articles published in international peer-reviewed conference pro-
ceedings or journals. I have been the main author in all of these
articles.
Paper I: I. Jormanainen, Y. Zhang, Kinshuk and E. Sutinen. “Ped-
agogical agents for teacher intervention in educational robotics clas-
ses: Implementation issues”. In the First IEEE International Workshop
on Digital Game and Intelligent Toy Enhanced Learning (DIGITEL 2007)
(Los Alamitos, CA, March 2007), IEEE Computer Society, pp. 49–56.
In this article, we presented a fundamental problem for this re-
search: How to keep track of individual students’ or even small
groups’ progress in an educational robotics class of 30-40 students.
As a solution, we introduced a multi-agent environment to moni-
tor students’ interaction, robots’ movements, and the construction
and programming process of robots. An initial outline for the Open
Monitoring Environment was presented (however, the name ‘Open
Monitoring Environment’ was not yet proposed). Technical contri-
bution created a base for building the agent architecture for later
implementations of the OME.
Paper II: I. Jormanainen and A. Harfield. “Supporting the teacher
in educational robotics classes: work in progress”. In the 16th Inter-
national Conference on Computers in Education (ICCE 2008) (October
2008), Asia-Pacific Society for Computers in Education, pp. 931–934.
The paper presented the first conceptual outlines of the OME.
Building strongly on Paper I we explored approaches that the teac-
her can use to observe and decide when and how to intervene in a
classroom situation. As an alternative approach to traditionally de-
veloped programs, Empirical Modelling was introduced as offering
a working environment in which the teacher can construct an arte-
fact that reflects their personal understanding of the rich situations
that can arise in a robotics class.
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Paper III: I. Jormanainen, A. Harfield and E. Sutinen. “Support-
ing teacher intervention in unpredictable learning environments”.
In the 9th IEEE International Conference on Advanced Learning Tech-
nologies (ICALT 2009) (2009), IEEE Computer Society, pp. 584–588.
The contribution of the paper was two-fold. First, we stud-
ied the extent to which the agent architecture proposed in Paper
I suits for data collection from real educational robotics environ-
ments. Secondly, we studied how the teacher can use the conflative
learning environment built with the Empirical Modelling tools to see
if the students have understood the task-related rules that need to
be learned in order to complete the task successfully (as proposed
in Paper II). Two case studies were conducted. The results con-
firmed that agents are useful and effective in data collection, and
that the Empirical Modelling environment can be used to construct
the working classroom models. An initial and simplified version of
the OME was presented.
Paper IV: I. Jormanainen, M. Beynon and E. Sutinen. “Un-
derstanding open learning processes in a robotics class”. In 9th
Koli Calling International Conference on Computing Education Research
(2010), Uppsala University, Sweden, pp. 51–54.
The technical contribution of the paper focused on creating a
functional implementation of the OME that was used for evalua-
tions presented in Papers V - VII. The implementation was based
on the initial version presented in Paper III. This implementation
of the OME was also used to deepen the concept of a Conflative
Learning Environment. A distinction between pedagogical mod-
elling and technical modelling was introduced (cf. research ques-
tions Q1 and Q2). As another result, we noticed that the OME im-
plementation and especially data collection methods and learning
process reconstruction tools of the OME are especially well-suited
for deployment in other application areas.
Paper V: I. Jormanainen, M. Beynon, and E. Sutinen. “An ab-
ductive environment enables teachers intervention in a robotics class”.
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In Proc. 17th International Symposium on Artificial Life and Robotics
(AROB 2012) (2012) pp. 1075–1078.
The main result of the paper shows that the OME based on the
CLE approach allows teachers to blend design and development
activities with their work. In consequence, they can use their ped-
agogical expertise effectively to analyse their students’ progress, as
informed by the OME. The study reported in this paper was con-
ducted in a South African primary school by using a modified im-
plementation of the OME that was presented in Paper III.
Paper VI: I. Jormanainen and E. Sutinen. “Using data mining
to support teacher’s intervention in a robotics class”. In 4th IEEE
International Conference on Digital Game and Intelligent Toy Enhanced
Learning (DIGITEL 2012) (2012), IEEE Computer Society, pp. 39–46.
In this paper we report a case study where various data mining
methods were tested with authentic data that was collected from
the educational robotics setting in a South African school (Paper V).
Results indicated that decision trees are effective for classifying au-
tomatically students’ progress in the educational robotics environ-
ment. Based on this result, we proposed a novel approach where
initial rules produced by the classification algorithm are open for
revision by the teacher. By using his or her pedagogical expertise,
the teacher adjusts the parameters of the data mining process and
experiments with different rules to build a set of rules that defines
the current learning process. In this way, the OME supports the
teacher in abductive reasoning by providing tools to derive the rea-
sons behind the events in the classroom. The results of the paper
guided our further work with the OME, leading to an implemen-
tation with a more comprehensive set of data mining techniques to
cover more complex data available in educational robotics settings.
Paper VII: I. Jormanainen and E. Sutinen. “Role blending in
a learning environment supports facilitation in a robotics class”.
Journal of Educational Technology and Society (2013). Accepted for
publication.
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In the paper, we used the same OME version that was used in
Paper VI to analyse and model students’ progress in an educational
robotics class in real-time, in contrast to the experiment in Paper VI.
The results show that the data mining features of the OME can be
used to predict and, hence, support learning processes also with
real-time data. We also noticed that the data mining features of the
OME are affected by the nature and amount of data when work-
ing with a small number of students. Also, in accordance with the
principles of the CLE framework, the instructors were able to mod-
ify the learning environment to match the current context in a way
that goes beyond normal teacher activities in a classroom.
The results of the paper strengthen the idea of the CLE frame-
work that role blending between a teacher and a software developer
in a learning environment provides a novel way for building per-
sonalized and contextualized support environments.
2.5 STRUCTURE OF THE THESIS
This thesis is organised as follows. Chapter 3 introduces back-
ground relevant to our work. Then, modern educational robotics
environments and the Empirical Modelling approach and tools with
illustrative examples are introduced. Chapter 3 also describes chal-
lenges that teachers face when working in the robotics environ-
ments and reviews proposed solutions that meet these problems.
To position our work, Chapter 3 presents a scheme for categorising
learning environments according to how they utilise learning and
learners’ modelling.
Chapter 4 presents the CLE approach and the OME in detail.
The chapter also shows the steps that we have taken on developing
the environment and concepts related to it. Chapter 5 analyses our
work through several cases in which the OME has been used. The
chapter provides evidence about the feasibility of our approach.
Chapter 6 interprets the results from the viewpoint of the litera-
ture and the original research questions. The chapter also discusses
the impact of this research for educational robotics classrooms es-
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pecially in K-12 educational robotics settings. Finally, Chapter 7
summarises the results and concludes the thesis. The chapter also
identifies directions for future work.
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3 Robotics as a Learning En-
vironment
Educational expectations from technology have shifted from man-
agement and usability of learning materials towards motivational
issues, like how to engage an individual student with a topic. Re-
cently, the low-cost and highly accessible educational robot kits
have gained popularity in tangible learning environments [61]. Tech-
nical subjects, such as electronic engineering [49] or programming,
have been taught with educational robotics. Educational robotics
has been used also to increase motivation of children in technology
related school activities [11] or to promote STEM-based outreach
programs [10]. Williams argues that Lego Mindstorms are qualita-
tively effective as educational technology for computer engineering
in general, not only for robotics education [67].
However, successful use of educational robotics requires new
kinds of classroom settings and teachers have to change their teach-
ing methods according to the needs of the new environment. Oth-
erwise, the use of educational robotics may lead to negative results,
as reported in [19]. Correll et al. [9] propose solutions to the recog-
nised issues related to deployment of large-scale robotics classes,
such as scalability of a learning environment, or complexity of robot
constructions that may prevent learning of the subject.
In this chapter, we present Kids’ Club as an example of robotics
learning environments for K-12 education. Kids’ Club provides also
an important context for our research work as described in Chapter
2.
3.1 KIDS’ CLUB AS A LEARNING ENVIRONMENT
Kids’ Club is a collaborative research laboratory where school chil-
dren work together with university students and researchers of
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computer science and education. Kids’ Club was founded in Octo-
ber, 2001, at the University of Joensuu, Finland, (nowadays Univer-
sity of Eastern Finland), with the following aims and motivations
[16]:
• Fostering children’s interest in creative design and problem
solving with novel ICT-flavoured artefacts;
• Developing novel tools and approaches for understanding tech-
nology and learning science; and
• Encouraging children, particularly girls, to consider their fu-
ture careers in ICT and related fields.
Kids’ Club was launched to address the need for an educational
technology research platform and the need for novel technology ed-
ucation practices in curriculum and after-school contexts. The Kids’
Club has been active since 2001, and the original needs are perhaps
more topical than ever. National school curricula are undergoing
changes in many countries. For example, the Finnish government
has published plans for a new national curriculum1 with a strong
emphasis on ICT as an extensive element throughout the whole
curriculum. In another initiative, the British Department of Educa-
tion has announced that Computer Science will be a science option
in English Baccalaureate, alongside with mathematics, physics, and
chemistry2. This type of development sets new expectations for the
learning environments and teachers’ professional knowledge.
Dissemination of Kids’ Club technology education concept has
led to an international network of schools and after-school clubs
working with various kinds of educational technology projects. Fig-
ure 3.1 shows Finnish school kids working with an educational
robotics project. In Figure 3.2 school kids design and implement
a soccer game with the Scratch programming language [45] during
1http://www.oph.fi/english/102/0/ops2016 renewal of the core curriculum
for pre-primary and basic education, accessed April 27, 2013
2https://www.gov.uk/government/news/computer-science-to-be-included-
in-the-ebacc, accessed April 27, 2013
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Figure 3.1: Children working at Kids’ Club with robotics projects
Kids’ Club activities in Nampula, Mozambique. In the Finnish net-
works and schools alone, more than 500 school kids get involved
with robotics activities annually.
For children, Kids’ Club appears as an after-school technology
club with an opportunity to learn interesting skills in a playful, non-
school like environment which lets room for creative ideas and al-
ternative approaches for problem solving [18]. For researchers, Kids’
Club provides a platform for developing novel methods and appli-
cations of educational technology. Often the needs and ideas for
the research and development arise from the Kids’ Club activities.
For example, Kids’ Club instructors were in need of formal
evaluation methods of the projects and learning outcomes. Sev-
eral tools, such as web and paper forms were used at the begin-
ning to conduct questionnaires, but these methods did not give the
expected information for researchers. Furthermore, the reflection
processes of the children were not deep enough for the meaningful
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Figure 3.2: Children working at Kids’ Club in Mozambique
learning. For this reason, a spin-off research project was started to
find a solution for the problem. As a result, the virtual reflection en-
vironment Virre [17] was developed first as a computer application
and later it was embedded inside a big teddy bear. The Kids’ Club
has proved to be an efficient research and development platform
especially in the field of special education [37].
Research methods in the Kids’ Club environment are mainly
based on action research. Separate studies are realised according
to their own research plans, and the researchers are involved in
the club activities while conducting their studies. As examples, the
following concrete research questions have been studied at Kids’
Club:
• How to visualize the programming with the robotics? [33]
• How does the technology-rich environment affect special ed-
ucation? [37]
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• What are new forms of collaboration between children and
companies in the field of technology? [56]
• How does the virtual reflection environment Virre help in the
learning process? [57]
Tutors in Kids’ Club are mainly undergraduate students, who
voluntarily take part in club activities by helping children with their
tasks. The tutors are often students of computer science or educa-
tion, and they can also complete training periods, courses, or project
work at Kids’ Club. It is remarkable, that robotics activities includ-
ing Kids’ Club in school settings, change a teacher’s traditional role
from teaching towards fostering collaborative learning amongst the
students [24].
Kids’ Club is based on the concretisation of socio-cultural and
constructionist [51] views on learning. Robots and other concreti-
sation tools allow the children to make their thoughts and men-
tal models explicit and easier to manipulate in the physical world.
These tools encourage children in inventive learning which, in turn,
emphasises creative and open problem solving and the creation of
new artefacts through the evaluation and comparison of different
solutions. Learning at Kids’ Club is based on cyclic problem based
learning processes (Figure 3.3), where the creation of physical arte-
facts as possible solutions is stressed.
The technical environment of Kids’ Club contains several soft-
ware and hardware tools to support activities in different phases
of learning. Some of the tools are ready-made commercial or free
software or hardware, whereas others have roots in the research
projects conducted at Kids’ Club. For example the programming
environment IPPE [33] and the virtual reflection environment Virre
[17] have been developed in the Kids’ Club context. Components
of the technical environment can be divided into four categories ac-
cording to the iterative life cycle of the club activities (Figure 3.3).
Computers are usually used in all phases, and the computer envi-
ronment is based on laptops and wireless network for a maximised
flexibility of the setting.
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Planning
ImplementationTesting
Evaluation
Figure 3.3: The life cycle of a typical Kids’ Club project
Usually the first phase of Kids’ Club project is planning. Several
creative problem solving methods and various analogue and digital
tools, such as pen and paper, white board, active boards, and mind
mapping software, have been used for planning purposes.
The implementation phase of a Kids’ Club project typically in-
volves building a physical artefact, for example with an educational
robotics set. Lego Mindstorms Robotics Invention System [4] (Lego
RIS) and its successor Lego Mindstorms NXT [20] are flexible and
complete construction kits, which enable children to design and
build their artefacts based on instructions or their own imagina-
tion. Children are encouraged to combine the robotics kits with
other materials in order to give a personal flavour to their robots
and models. In addition to the robotics kits, other kinds of hard-
ware have been used in the Kids’ Club projects, including an auto-
matic door, a fingerprint reader, different sensors, mobile phones,
and touch screens.
An important part of the implementation phase is program-
ming. The programming environment is selected based on the skill
levels of the participants and the needs of the current project. For
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example, Lego RIS, Lego NXT-G [38], and IPPE [33] programming
environments for LEGO robotics and the TileDesigner environment
for Soccer Robo robots have been used. When the children have
learnt basic skills of programming, they can also progress to more
advanced programming environments, such as Java [42] or NQC
[4].
When the project is ready, it is tested and evaluated, and docu-
mented. For these phases, children typically use digital cameras,
video camcorders, presentation software, posters, and websites. In
this way, the participants are encouraged to share new knowledge
and experiences with each other.
3.2 TEACHING CHALLENGES AT KIDS’ CLUB
Learning environments, such as educational robotics, based on pro-
ject-based pedagogy [46] often lead students to take unpredictable
paths for solving open-ended problems. Development and dissem-
ination of Kids’ Club in various school and after-school settings has
shown us that these kinds of learning settings pose a particular
challenge for teachers - how to follow all students’ or one individ-
ual’s activities. The project-based working methods, open-ended
tasks, different problem solving strategies, group dynamics, and
students’ different roles in the groups, and the iterative nature of
robotics projects easily lead the students to take different paths and
rhythms in their work. This makes it difficult for the teacher to de-
tect the students’ problems and the right moments for intervention.
Obviously, the problem becomes more complicated when the num-
ber of students and the number of small project groups increase.
Cyclic processes in the educational robotics setting generate var-
ious asynchronous information streams for the teacher at any par-
ticular moment. For example, one group starts the task by design-
ing the robot carefully, whereas another group applies a trial-and-
error approach where it experiments with different robot construc-
tions. Some groups even start by addressing the programming as-
pect of the task, and they build the robot only after the program is
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ready. All of these different phases and tasks within them produce
specific kinds of information that the teacher must process in order
to notice possible problems in the classroom. Figure 3.4 presents the
phases with examples of possible tasks and information outputs.
When organizing the Kids’ Club activities at the university and
in schools in Finland and abroad, we have analysed teachers’ and
instructors’ problems and noticed that there is a need for tools to
provide support facilitation especially when unpredictable events
occur. However, it is clear that not all data can be monitored auto-
matically. For example, data from the planning phase may include
hand-written notes and drawings, and these processes are hard to
monitor completely automatically. In the learning environments in-
volving educational robotics, most of automatically collected data
is extracted from the implementation phase.
?
Planning
ImplementationTesting
Evaluation
Interactions with the 
programming environment
Programming
Robot construction
Drafting
Planning
Brainstroming
Observing
and documenting
Running the robot
Students’ self reflection
Teachers’ assessment
Data: robot’s execution paths Data: agents’ observations
Data: program code
Figure 3.4: Phases of an educational robotics project with examples
of tasks and generated information
3.3 EXISTING TOOLS FOR FOLLOWING THE STUDENTS
Several solutions for following the students automatically or semi-
automatically can be found in the literature. Intelligent Tutoring
Systems (ITS) [50] use widely a distributed agent approach to gather
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data and inform the teacher about the possible difficulties in a
learning setting (for example, see [47] and [63]). These systems
give support for observing the overall progress of all students in
the classroom, detecting the problems that the students have, and
analysing the actions of a particular group or even an individual
student. Despres and George’s research [13] is probably one of the
closest to our approach in the educational robotics domain. They
describe an ITS that allows the teacher to follow the students’ activ-
ities in an educational robotics classroom. In the first instance, their
system provides support directly to the students, and if that fails,
the system reports the difficulties to the teacher as well. Our mon-
itoring environment applies technical features that can be found
in the literature. For example, the OME, like several other exist-
ing agent systems, uses a FIPA (Foundation for Intelligent Physical
Agents) compliant language to describe the interaction protocols
between the agents.
In previous research, the idea of using software agents to ob-
serve and monitor students’ activities has been applied mostly in a
theory-driven way. The environments, based at least loosely on In-
telligent Tutoring Systems (ITSs), have offered a selection of choices
by which the monitored data is classified and used for modelling
the students. The main difference to the OME is that, whereas tra-
ditional ITS applications use a theory-based approach for building
the learning model, the OME starts from the empirical observations
arising from the current learning situation. There do exist ITSs that
apply empirical approach for building the learner model (for exam-
pleWayang Outpost, a multimedia ITS for geometry by Cooper et al.
[8]). However, the learning models in these systems are still at least
partially predicted based on theoretical assumptions. For example,
a given set of features is used for classifying the user’s emotional
self concept in [8].
Data mining tools have a recognised status as a part of modern
learning environments. Data mining techniques have been widely
applied in learning environments for modelling learners and esti-
mating learning processes. Usually, data mining is used to extract
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knowledge from e-learning systems through the analysis of the data
that the users have generated [7]. Most of the work in data mining
in educational systems contributes to students’ assessment (for ex-
ample [14, 23]) and course adaptation based on students’ learning
behaviour [40]. Clustering and classification are the most widely
used used data mining techniques in learning environments [7] be-
cause of the nature of the problems that often appear in learning
environments. Also, data distillation for human judgment and dis-
covery with models have been prominent and increasingly popular
methods for educational data mining [3]. Only few systems have
tried to make logging data directly useful and available to teach-
ers or instructors [66]. Learning environments with an open data
mining approach, where data mining processes and results would
be explicitly visible to the users are rarely reported in the research
literature. Rather than that, the data mining takes place in a black
box and the results are only implicitly visible to the users.
Systems presented in the literature are usually based on an ap-
proach where a domain expert manually labels data sets and builds
models describing the learning activities in advance. This is a time-
consuming and error prone process especially in exploratory learn-
ing environments with open-ended problems, because prior defi-
nitions of relevant behaviours are necessarily not available for la-
belling data and training the model [1]. Amershi and Conati [1]
present data mining solutions to support exploratory learning ac-
tivities where there is no clear distinction between relevant and ir-
relevant behaviours of students. Their approach relies on data min-
ing to automatically identify common interaction behaviours and
using them to train a user model. Amershi and Conati [1] conclude
that a potential problem of their approach is that it requires a sub-
stantial amount of data to work. We have shown that empowering
teachers working in the robotics classes to direct the data mining
process produces valuable insight into the progress of the learning
activity even on relatively small datasets [Paper VI].
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3.4 CATEGORISATION OF LEARNING ENVIRONMENTS
To set our work in the right context, we have divided learning envi-
ronments into three categories according to the modelling approach
that they use (Figure 3.5).
Model-based environments deduce a given learner’s characteris-
tics from a set of existing learning models, whereas in modelling-
based approaches, a set of models is induced from empirical data
about learners’ progress.
The third category is explanation-oriented learning environments
that use abduction for the modelling. Abductive reasoning has became
topical recently also in the computing research community [59]. In
an abductive learning environment, the modelling process starts
from the current learning situation and the aim is to generate the
best possible explanation for the current situation with a set of em-
pirical observations and rules, as described in Figure 3.5. Ross con-
cludes in [59]: Perhaps abductive reasoning can help us discover what we
are not even looking for.
Theory
L1
L2
L3
Model-based
(deduction)
Theory of models
(given)
?
?
?
Modell ing-based
(induction)
Empircal data sets
(given)
Model?
Explanation-oriented
(abductive)
Current learning situation
(given)
?
?
?
Figure 3.5: Deductive, inductive, and abductive approaches in
learning environments
An abductive approach for building learning environments has
been previously used by other researchers, for example by Qiu and
Riesbeck in [54]. However, the users’ incremental development in
[54] focuses more on contributing material in the particular learning
environment during the learning process rather than on building
the actual learning environment as the users of the OME do.
Table 3.1 shows classification of learning environments between
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Table 3.1: Comparison between the traditional ITS and conflative
approaches
Model-based Modelling-based
Modelling
approach
Theory-based,
deductive
Empirical, inductive
Learning model Given Constructed
Adaptation Black box Transparent
Roles in the
learning
community
Separated Blended
Working
environments
Separated Conflated
Direction of
modelling
Top-down Bottom-up
Modifications
to the tools
Through the software
development process
On demand in the
actual learning
situation
theoretical extremes of model-based environments and modelling-
based environments (leftmost and rightmost columns in Table 3.1).
The model-based environments are traditional ITSs that take de-
duction as a starting point for the learner’s modelling. At the an-
other extreme, inductive modelling-based environments take em-
pirical observations arising from the current learning setting as a
starting point for modelling. It is important to recognise that these
are theoretical extremes, and real systems such as the OME sup-
porting abductive reasoning, usually fall between these extremes.
Abductive reasoning in explanation-oriented learning environ-
ments needs to be supported with appropriate tools. As described
earlier, learning and teaching processes for example in educational
robotics classes are dynamic, and traditional monitoring tools or in-
telligent tutoring systems do not necessarily fulfil the demand for a
flexible and easily modifiable working environment.
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itoring Environment
The development of the Kids’ Club learning environment and vari-
ous collaboration projects with schools on educational robotics have
indicated that the learning environment should have features that
provide support especially for novice teachers. The major devel-
opment contribution of this research, Open Monitoring Environment
(OME) was built by following a development research framework
[58], and experimental work has played a key role in the process.
The following steps can be identified from the research project.
At first, the problem of following students was indicated and an
agent architecture (Figure 4.1) to monitor the students in the learn-
ing environment was proposed [Paper I]. The next step was to
conceptualise teachers’ working environment by using the Empiri-
cal Modelling approach and toolset [Paper II]. Several EM models
were developed and their suitability to the educational robotics set-
ting was tested [Paper III] with groups of school children in Kids’
Clubs. In parallel with defining the functionality of the OME en-
vironment, the concept of Conflative Learning Environment was
developed [Paper IV, Paper II]. The OME environment was finally
tested in real educational robotics settings [Paper V, Paper III, Paper
VI, Paper VII].
4.1 CHALLENGE 1: HOWTOCOLLECTDATA FROMANUN-
PREDICTABLE ROBOTICS ENVIRONMENT?
Software agents have long been applied in educational environ-
ments to provide learning support. Agents can monitor progress,
give instruction when needed, help organize students’ work, and
provide feedback for tutors. However, there is no agreement in the
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literature on a unified definition for the term “agent”. The term
is used slightly differently according to the context where agents
are employed. Agents exhibit properties, such as autonomy, social
ability, responsiveness, and proactiveness, upon which a common
consensus has been reached [69].
Sklar and Richards [62] categorise agents in human learning en-
vironments in three categories. Pedagogical agents are personalised
assistants that interact directly with the lerner. Peer learning agents
are interactive partners built into the user interface, but they are
typically less engineered than pedagogical agents. Demonstrating
agents are interactive mediums for learning, such as educational
robotics [62]. Agents possessing mobility are called mobile agents.
Mobile agents are usually software programs, which may be dis-
patched from one computer and transported to a remote computer
for execution. The motivation for using mobile agents stems from
a number of potential benefits, such as efficiency and reduction in
network traffic, asynchronous autonomous interaction, interaction
with real-time entities, local processing of data, and support for
heterogeneous environments [39].
Furthermore, many systems employ agent architectures that are
not explicitly visible for the user. The underlying system compo-
nents provide means for adapting the system. These components
are dedicated for example for collecting data and perform user
modelling in the background [62]. The Open Monitoring Environ-
ment employs an agent architecture that belongs in this category.
Data collection from a robotics learning environment can be auto-
mated by utilising agents to observe students’ interactions within
the environment (Figure 4.1). The basic idea is that agents do not
process data by themselves, but they collect data and deliver the
data to the teacher’s learning process modelling environment and
database for further observation. Two different levels of “intelli-
gence” can nonetheless be defined within the agent population for
collecting data from a programming task. At the basic level, an
agent works as a data collector. For example, an agent can observe a
button in the IPPE programming environment for robots and send
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Figure 4.1: Overall agent architecture for the monitoring environ-
ment (modified from Paper II)
a message to the teacher’s classroom model when students press
that particular button. At the upper level, an agent can possess
limited computing capabilities that enable it to do simple reason-
ing. For example, an agent can observe the existence of keywords
or certain structures in the students’ program code. This type of
agent can send a message to the teacher’s model when its internal
rule identifies that a condition has become true, for example when
a student’s code contains the defined keywords.
4.2 CHALLENGE 2: HOW TO USE THE DATA EFFECTIVELY?
An educational robotics environment where student groups work
independently with their projects can produce an overwhelming
amount of data [Paper III]. Applications in the learning environ-
ment must provide support for manipulation and effective use of
data originating from various sources in unpredictable order. The
working processes in robotics classes are not static, and traditional
Intelligent Tutoring System approaches and applications may be too
static to support a rapidly changing and dynamic learning setting.
Much of the learning in science and engineering disciplines is
related to understanding a set of rules that determine and regulate
a certain phenomenon. In the case of educational robotics classes,
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for example the following phenomena and sets of rules arise from
the learning process:
• A learner needs to understand which components he or she
can attach together to create a meaningful construction.
Example: If the robot has a touch sensor, it can detect collision
to an obstacle in the environment (walls, furniture, etc).
• A robot programmer needs to understand the syntax and se-
mantics rules of a programming language.
Example: If the robot program has an event loop (a loop in
which the sensors are monitored), the robot can read the sen-
sors constantly.
• A teacher needs to understand the relationships between his
or her learners within the working process.
Example: If a student uses the computer and programming
environment more frequently than other students, he or she
might be dominating the programming process of that group.
In order to provide the teacher with better understanding for the
observations rising from the learning process, a learning environ-
ment needs to expose data related to the rules. Also, the learning
environment should enable data processing so that a teacher can
define the rules and how to use them when reasoning about differ-
ent aspects of a learning process in the robotics class. For example,
the teacher may be interested in what types of learners there are
or what has caused the current problems. As described in Section
3.3, many existing Intelligent Tutoring Systems often provide only a
pre-defined set of predictions about the problems that the student
might face. In most cases a teacher needs to have very advanced
technical skills in order to make effective use of the support system
or to modify it, if this is even possible. In fact, he or she needs
the skills and patience of a technical developer, and this is not fre-
quently available in today’s classrooms. Also, the implementation
tools of a learning environment should support development and
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use processes that differ from those of traditional learning environ-
ments or ITSs.
The need to open the rules and learning modelling processes in
the learning environment to the end-user essentially drives to role
blending between a software developer and a teacher. This means
that the teacher needs to adopt software developer’s or domain
expert’s task into his or her working processes. Traditional software
development tools do not support this well. For example, a change
to rules that define classification of students by their learning styles
may require a challenging process of modifying the source code of
the learning environment, compiling the code with the appropriate
software development tools, and deploying the environment again
in the classroom.
To overcome the technical and conceptual challenges connected
with the limitations of traditional software development tools, we
have used in this research Empirical Modelling to enable processes
that are required in an open and highly modifiable learning envi-
ronment.
4.3 EMPIRICAL MODELLING
Empirical Modelling (EM) [15] is a collection of principles and tools
developed by Beynon, Russ and their students at the University of
Warwick, UK. EM can be used to construct computer-based models
that are based on the modeller’s empirical observations about the
phenomenon that is the subject of the modelling process.
An EM artefact (a model) is a collection of observables that the
modeller creates and manipulates in order to make the model re-
flect a real-world phenomenon. As the EM is about computational
models, there are no restrictions on what an observable might be
[52]. It can be an application window, a drawing canvas in the
window, a graphical object (line, circle, square), string, or a list or
a numerical value that does not have an explicit presentation that
would be visible in the user interface.
Observables are not variables in a sense as variables appear in
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traditional programming languages. Maybe the closest counter-
part to an observable is an instance of a class (an object) in object-
oriented programming. However, the concept of the observable is
more closely linked to the real world than the concepts of an object
or a variable. Observables usually reflect a real-world phenom-
ena in the EM model under construction, and they are interpreted
according to what experience they offer to the modeller through
interaction [5]. Objects or variables, istead, are used primarily to
maintain programs’ internal logic and structures.
Two or more observables in an EM model are connected to-
gether with dependencies. Dependencies are specific kinds of re-
lationships between observables, and they are used to model the
connections as real world’s artefacts are connected together. An es-
sential feature of the EM approach is that, after an initial definition,
the EM environment automatically keeps the model updated ac-
cording to the dependencies. This is similar to spreadsheet applica-
tions where values of the cells are updated automatically according
to formulas that might contain references to other cells.
The Empirical Modelling environment consists of an interactive
scripting environment, tkeden, which is used to create the models
with several different notations. EDEN (Engine for DEfinitive No-
tations) is a core notation of the EM approach, and it has been
extended with various notations, such as DoNaLD (Definitive No-
tation for Line Drawings), SCOUT (notation for SCreen layOUT) for
describing the geometry and layout of windows, and EDDI (Eden
Definition Database Interpreter) for definitive database operations.
An essential feature of the EM environment is that all changes to
the model can be applied without interrupting the execution of the
model, hence without closing the EM environment.
Empirical Modelling adopts many features from the End-User
Development (EUD) [44] software development approach. The core
features of EM, such as a mechanism to apply changes without clos-
ing the environment, are also essential in EUD. By definition, there
is only one role in EM which both a ”developer” and a ”user”
(as understood in traditional programming approaches) belong to,
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and role blending is an inseparable feature of Empirical Modelling.
The unified environment for developing and using the models fits
the requirement of open and flexible learning modelling environ-
ment for robotics classes, where the end-user (a teacher in a robotics
class) can affect the modelling of learning processes. Hence, Empir-
ical Modelling was selected as an implementation platform for the
monitoring environment. Next we will discuss more deeply some
aspects of the EM through illustrative examples.
4.3.1 EM principles: Book on a table
By way of illustration, in a real world situation, if a book is placed
on a table, the book’s position in the room is obviously related to
the position of the table in the room. Thus, if the table is moved,
also the position of the book will be changed accordingly, without
touching the book itself. In an EM model presenting the table and
the book on it, the table and the book are observables. The relation-
ship between the positions of the book and the table can be mod-
elled with dependencies by using the EM keyword ”is” as follows
(for simplicity, I consider the positions here only in a 2D coordinate
system):
book x position is table x position + (table width / 2);
book y position is table y position + (table length / 2);
These definitions relate the current values of the observables
that define book’s position, to values of the observables that define
the table’s position. In addition, the book’s position is also relative
to the table’s size, being in the middle of the table. Now, keeping in
mind that the EM environment maintains the dependencies auto-
matically, we can see that when the position or the size of the table
is changed in the model, the position of the book is also updated
automatically to approximately the middle of the table according to
the definitions above.
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4.3.2 EM in a robotics class: Monitoring students’ activity
To illustrate the use of the EM and the concepts of the observable
and the dependency more deeply, we next present an example from
the robotics classroom.
Let us consider a scenario in a robotics class of elementary level
where students have been divided into several groups to solve a
basic task in robotics (see Figure 3.1 in Section 3.1). The groups use
the Lego Mindstorms robotics kit with the IPPE programming en-
vironment. The teacher of the classroom has devised the following
task for the students:
Build a simple wheeled robot with the Lego Mindstorms kit and equip
it so that it can react to the collision. Then program the robot by using the
IPPE programming environment so that it stops when it collides with an
obstacle.
This task can be divided into a number of sub-tasks, such as
robot construction, programming, design, and testing. These can
be divided further into smaller items, such as selecting the right
components for the robot, or defining what program structures are
needed (cf. examples of the rules in Section 4.1). Finally, primitive
atomic actions, such as pressing the button in the programming
environment to upload a code to the robot, can be identified.
Let us assume that the teacher wishes to monitor an activity
level of a student group in the classroom. He or she needs first
to define how the current activity level is calculated. The decision
to observe activity level, or any other feature associated with the
learning process, is based on the teacher’s pedagogical preferences
or intuition. In this example, the current waiting time could be
measured as the time in seconds that has passed since the students’
last interaction with the learning environment, such as pressing a
button in the programming environment as discussed above. After
defining the formula for the activity level, the teacher might want
to visualise the data in an application by introducing a green bar,
whose length corresponds to the current activity level. In an EM
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Figure 4.2: EM model for monitoring students’ activity level
model presenting this visualisation, the activity level and different
measurements defining the entity are observables. The relationship
between the observables can be modelled with dependencies as fol-
lows in EDEN notation:
activity level is (max waiting time - waiting time);
This definition relates the current value of the observable that
defines the activity level to the values of the observables that de-
fine maximum waiting time and current waiting time. When the
waiting time is changed in the model, the activity level is also
updated automatically as defined with the dependency. In an edu-
cational robotics environment, an agent observing students’ activ-
ity could take care of updating the waiting time observable. The
agent observes the time that has passed since students’ last activity
with the programming environment. When, for example, the stu-
dents create a piece of robot code in the programming environment,
the observable will be reset to value 0.
The activity level observable can be connected to the length
of green bar with a dependency as follows in EDEN notation:
activity bar length is activity level;
By using these definitions, a simple graphical interface can be
built for visualising the data (Figure 4.2). In the visualisation, the
length of the green bar and the text referring to the current level are
updated automatically whenever the agent updates the observable
waiting time.
The simple model can be elaborated and refined gradually to
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provide richer presentations and alternative views for the data. All
aspects of the current state of the model are expressed using the
EM definitions, and the teacher can in principle manage all details
of the model. It is, however, usually too much to expect that teach-
ers without previous knowledge of programming could modify the
EM definitions in a textual form. Even though the EM focuses on
capturing the modeller’s empirical observations through its ”state-
as-experienced” approach, the syntax of core EDEN notation (cf.
examples above) follows the formal syntax of C programming lan-
guage on which the EM environment is based [52]. To overcome the
problems connected to working with formally defined expressions,
a graphical user interface can be provided to make the model build-
ing process more accessible to the teacher. This is also in line with
EUD technologies, where visual programming, including runtime
interface tailoring, is one of the significant approaches [64].
The features of Empirical Modelling informed the core design
principles and characteristics of how we developed the learning en-
vironment for unpredictable learning settings. The Conflative Learn-
ing Environment approach was designed and applied when imple-
menting the Open Monitoring Environment for educational robotics
classes.
4.4 CONFLATIVE LEARNING ENVIRONMENT (CLE)
A conflative learning environment (CLE) is an approach for build-
ing an open and flexible learning environments. The CLE approach
was devised during the research process. The traditional division
of the roles in educational technology development processes usu-
ally strictly separates the roles of developer, teacher, and learner
from each other, in contrast to Empirical Modelling as discussed
in Section 4.3. Moreover, the tasks undertaken by these process
participants usually follow each other in a cycle with predefined
steps. This process may be costly and time-consuming, and many
systems whose design is reported in research literature do not get
past the prototyping phase due to various reasons related to de-
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velopmement and assesment processes [62]. Beynon and Roe [6]
argue that constructionist computer-assisted learning approaches,
such as EM, can be seen as unifying the roles of the student, the
teacher, and the developer. By following this argument, the CLE
use principles familiar from Empirical Modelling to take the users
of the learning environments beyond their traditional roles of ’tech-
nology user’ and blend the users’ and developers’ activities and
working environments with each other.
The role blending can take place between the teacher and the
developer, the student and the developer, or even between the stu-
dent and the teacher, but the CLE approach does not define the
level of the role conflation. The role blending takes place through
cyclic processes where the users contribute to building the learn-
ing environment gradually by modelling the empirical observations
arising from the current learning setting. Modelling is an essential
part of the ongoing processes in the learning environment, and it
can be done without interrupting the process in order to develop
the features needed to enhance the learning environment, as would
happen within a traditional educational technology development
process using traditional tools.
The modelling process in the CLE approach (Figure 4.3) is based
on individual data streams originating from the current learning
process. The data is, for example, information about the users’ ac-
tivities within the learning environment, or automatically collected
sensor data, or students’ self-reflections about their progress. A
learning environment based on the CLE approach should provide
appropriate tools for the teachers to process this primitive data so
as to obtain pedagogically meaningful collections that can be visu-
alised. As an abstract approach, the CLE does not limit or define
how the atomic data streams are combined in the learning environ-
ment or what kinds of visualisations the users build.
In a CLE, there is a distinction between development and mod-
elling. When building a learning environment by following the CLE
approach, there is, indeed, a need to have ”traditional” software
developers involved. They prepare the tools and the environment
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Figure 4.3: Example structure of an application based on the CLE
(modified from Paper V)
so that the users can start their contribution (modelling), taking up
the role of a developer. Modelling means that the users reflect upon
their own surrounding and working environment through their ob-
servation of the learning environment.
We have proposed in Paper IV that to make the applications
based on CLE approach more accessible for the users, modelling
of the learning process should be divided into two parts. The first
part, technical modelling, consists of setting up the basic modules
of the environment. This part of the modelling process can take
place before and even between classes, when the model can be rede-
fined to meet the new requirements. The second part, pedagogical
modelling, is the process that takes place during the classes. In this
part of the modelling process the teacher defines the environment
by identifying data collections meaningful for the teaching context
and visualisations for the data that the agents collect. It may be
that the collections and visualisations of a given instance are not
usable elsewhere, as they might depend on the phase at which the
students are in their project.
4.5 OPEN MONITORING ENVIRONMENT (OME)
We have developed an Open Monitoring Environment (OME) by fol-
lowing the CLE approach. The core idea of the OME is to help the
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teacher to detect the right moments for intervention in a robotics
class. In this way, the OME could potentially help the teacher to
build his or her intervention strategies. In accordance with CLE
approach, OME allows the teacher to combine data streams from
the robotics classroom (Figure 3.4 in Section 3.2) with his or her
own observations arising from the learning process. In this way,
the environment encourages the teacher to model the learning pro-
cess in the way that best suits his or her preferences and the current
learning setting. We have implemented the OME by using the Em-
pirical Modelling toolset, because it supports observing the cyclic
processes that appear in the educational robotics learning environ-
ments as described earlier.
The OME produces different kinds of visualisations for the cur-
rent learning process. The visual representations are needed be-
cause the amount of data that a robotics environment produces can
be too overwhelming for the teacher to handle as a flow of raw
data [Paper III]. Hence, the OME provides tools for enriching data
to pedagogically meaningful collections. The teacher creates and
manipulates rules that define how the raw data is treated and visu-
alized with the EM observables. The progress, or lack thereof, can
be expressed with colours or sizes of graphical elements represent-
ing the student groups.
The teacher constructs a set of observables by applying different
rules to the available data based on his or her pedagogical expertise.
The rules are needed to process and represent data in a meaningful
way. For example, data about students’ interactions with the learn-
ing environment is not necessarily pedagogically meaningful as
raw data whereas the length of the program code, in contrast, indi-
cates the students’ progress, and there is no need to pre-process this
information. The level of resolution and degree of pre-processing
required in gathering data, however, cannot be predetermined. The
OME allows the teacher to create new rules for classifying data ac-
cording to the current learning setting, and the rule generation can
also be automated with data mining tools [Paper VI]. The overall
architecture and processes in the OME are presented in Figure 4.4.
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Figure 4.4: Components of the Open Monitoring Environment
(modified from Paper VII)
In the current OME implementation, the students work in a
robotics class by designing and building robots with Lego Mind-
storms sets, and they program the robots by using the visual pro-
gramming environment IPPE. Students’ interactions with the robo-
tics environment produce data that is recorded in the OME database.
In the experimental version of the OME, data is generated from
the four major functions of the programming environment. These
actions essentially define the students’ working process with the
robots. The teacher can classify the events into one of four cate-
gories according to the anticipated progress (Table 4.1). During the
classification process, the teacher creates a training set for the data
mining algorithm. One classification produces one instance to the
training set.
At any point of time, the teacher can launch the automatic rule
generation based on current data in the OME database. The OME
launches the Weka 3 data mining package [25] and passes the train-
ing set to the J48 decision tree algorithm. Weka outputs a descrip-
tion of a decision tree classifier, and the OME transforms the de-
scription to a tree visualization and associated rules that are exe-
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Table 4.1: Classification of the training data
Class Explanation
White Students are not progressing, but they do not seem
to have any particular problems (neutral situation)
Green Students are progressing without any noticeable
problems
Yellow Students might be facing some problems (interven-
tion may be required soon)
Red Students have experienced problems that require in-
tervention
cutable Empirical Modelling definitions. The rules automatically
update the classroom map, and together with the tree visualisation
the teacher can monitor and understand problems in the classroom
and reasons behind the problems. A more detailed description of
the data mining process can be found in Paper VI.
The OME has been built by following the CLE approach, and
we can compare and contrast the student and learning modelling
processes within the OME with the theoretical model-based and
modelling-based extremes presented previously in Table 3.1. We
can also use the same classification scheme to compare and contrast
the OMEwith other learning environment. Table 4.2 shows how, for
example, the OME environment adopts features from model-based
and modelling-based approaches. Also Wayang Outpost [8] uses
an empirical approach for data collection, but the learner model is
based on theoretical predictions and a predefined model that re-
flects a more deductive modelling approach.
The OME, as prepared for the studies reported in this thesis,
contains four distinct modules (Progress Classifier, Classroom Viewer,
Tree Visualisation, and Rule Builder) that allow the teachers to moni-
tor the students’ activities and explore the learning processes with
simple graphical views (Figure 4.5). All views are updated in real
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Table 4.2: Comparison between the example systems
Wayang Outpost Open Monitoring
Environment
Modelling
approach
Partially empirical,
based on theoretical
predictions, deductive
Empirical,
abductive
Learning model Partially given Constructed
Adaptation Black box Transparent
Roles in the
learning
community
Separated Partially blended
(teacher -
developer)
Working
environments
Separated Conflated between
teacher and
developer
Direction of
modelling
Top-down Bottom-up
Modifications
to the tools
Through the software
development process
Partially on demand
time and are automatically based on the current data, rules, and
observables. The user interface and functionality of the OME pre-
pared for the experiments was very simplified. The decision to
provide a simple interface was informed by our initial knowledge
about the teachers’ knowledge of computer-supported learning en-
vironments, and of educational robotics in particular.
The Progress Monitormodule supplies the teacher with a graph-
ical view of the number of student interaction events in a specific
time window. The module allows the teacher to classify the events
into one of the four categories listed in Table 4.1. This is a key
element of the data mining process, and relies on teachers’ peda-
gogical expertise and face-to-face experiences with the students in
the classroom. The Classroom Viewer module presents the current
learning progress model as a two-dimensional map. In this imple-
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Progress Classifier Classroom Viewer
Tree Visualisation
Rule Builder
Figure 4.5: Modules of the Open Monitoring Environment
mentation, each student group is visualised as a rectangle with the
names of the group members in it. The fill colour of a marker is
updated automatically according to the current rule set.
The Tree Visualisationmodule shows the current learning prog-
ress classifier (expressed as a pre-ordered binary tree), which is es-
sentially a combination of teacher’s pedagogical expertise (training
set creation), and a well-known machine learning scheme (the J48
decision tree algorithm). It is typical that a teacher creates several
classifier models during a robotics class. The first models are usu-
ally not very expressive, and they describe rather general and even
obvious patterns of actions. However, during our experiments we
noticed that, before long, the classifier is capable of taking into ac-
count the aspects in the learning processes that otherwise would
remain hidden (see more analysis about this in Chapter 5).
The rules presented in the tree visualisation are available as Em-
pirical Modelling definitions in EDEN notation in the Rule Builder
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module. The teacher can modify the rules in the module either by
using the graphical user interface provided or editing the rules di-
rectly in the text field. The modifications to the rules are effective
as soon as the changes are applied. This results in the automatic
update of the visualisations in the Classroom Viewer module.
During the research process, we have developed several versions
of the OME. Different visualisations approaches have been tested in
the case studies, and all these versions have contributed gradually
to the latest OME version presented above. The appropriate parts
of the earlier OME versions are presented in conjunction with the
corresponding experiments in Chapter 5.
The technical environment of the OME contains laptop or desk-
top computers, a local area network, and Lego Mindstorms robotics
sets. Each student pair has their own computer to work with. The
teacher also has his or her own computer, which the teacher uses
for observing the students’ activities through the OME.
Communication between the data gathering agents and the te-
achers’ modelling enviornment takes place over the network. The
communication can exploit any network protocol, but, in the exper-
iments so far, we have used shared network folders as the commu-
nication channel. The shared network resources can be located in
a dedicated server or in the teacher’s computer, as was the case in
most of the experiments. The details of the communication over the
network are taken care of by the operating systems of the comput-
ers. In this way, the communication between agents and the OME
is transparent. This also allows easy use of diverse computing fa-
cilities with mixed operating systems.
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The research presented in this thesis follows a development re-
search framework [58] where existing theories and results from the
continuous evaluations are used as a basis for a concept or an ap-
plication development. The case studies described in this chapter
form a continuous series of experiments and results from individ-
ual studies are used as an input for the further development and
the next case study. The original research questions (Section 2.1)
were answered by utilising the results from the case studies.
The case studies described in this chapter were conducted in
real educational robotics settings. In all cases, the students were
working in a robotics project with Lego Mindstorms Robotics In-
vention System sets and the IPPE programming environment. Stu-
dents’ interactions with the programming environment were saved
for further analysis. In some cases, additional data collecting meth-
ods, such as video recording and field notes, were used. The orig-
inal research questions (Section 2.1) were answered and two major
contributions of this research were developed through the iterative
process of software development and modelling, data collection,
and analysis as described in the following sections.
5.1 THEMAIN RESEARCHCONTRIBUTIONSANDRESEARCH
THEMES
Two main contributions can be identified from this research. First,
we devised the Conflative Learning Environment approach (de-
scribed in the previous Section 4.4). The CLE approach adopts its
key features, such as role blending, rapid modelling cycles, and live
development, from the Empirical Modelling and the end-user de-
velopment practices. Second, the CLE approach was used to guide
the development of Open Monitoring Environment for observing
and exploring students’ learning processes in educational robotics
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classes. The OME features automatic data collection from a robotics
class and open data mining to support teacher’s comprehension
about the students’ progress.
Next in this chapter we present the case studies whose results
guided the research process. It is important to notice, however, that
an important contribution to the research was made in between the
case studies in the form of practical development of the OME. The
two major contributions of this research (the CLE approach and the
OME) can be divided further into four major themes as follows.
These themes are mainly based on research questions Q3 and Q4.
The themes can be interpreted also as identifiable phases of the de-
velopment cycles in the research process. The themes and, as well
as research questions, arise from the problems that we face during
the research process when working in educational robotics settings.
Research questions Q1 and Q2 focus more on literature studies and
analysis of background information, as has been indicated earlier in
Chapter 2.3. Research questions Q1 and Q2 are answered through-
out the whole research process and it is more difficult to identify
specific research interventions for them than for questions Q3 and
Q4.
• Theme 1: Agent architecture for collecting data from educa-
tional robotics settings
• Theme 2: Empirical Modelling as an implementation tool in
the CLE
• Theme 3: Teachers using the OME
• Theme 4: Data mining in the OME
5.2 THEME 1: AGENT ARCHITECTURE FOR COLLECTING
DATA FROM EDUCATIONAL ROBOTICS SETTINGS
The first case study [Paper III] was conducted to see how the agent
architecture proposed in Paper I performs in a real educational
robotics setting. The research problem in this case was to study
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whether the proposed agent-based approach is suitable for data col-
lection. The IPPE programming environment was enhanced with
software agents as described in Chapter 4. Each agent in the learn-
ing environment was defined to send a message when a specified
time in the use of the particular button of the IPPE programming
environment was exceeded. The delay was specific to each agent
in a student group and all groups had similar agents observing the
activities.
The initial delay for the agents was set between 30 seconds and
2 minutes depending on the element that the agent was observ-
ing. The initial values were estimates for suitable values in a typ-
ical robotics class. The delays were also adjusted during the ses-
sion based on the teacher’s judgement about the students’ current
progress and the working context. The data was stored in files and
analysed afterwards with standard UNIX command line programs.
Data collected in this case study was analysed in two phases.
First, the data shows that the student groups worked with the ro-
botics project for 37.3 minutes on average. Analysis of logged data
show that during this time, each agent instance sent on average 34
messages / minute [Paper III]. This was the first clear indication
that the amount of data originating from the robotics classes can be
too large to be handled manually, and there is a need to cluster and
filter data according to the current activities in the classroom.
Besides messages sent by the agents, students’ interactions with
the programming environment were captured. The number of mes-
sages of this type indicates the frequency of the use of the particular
buttons in the programming environment. The analysis of this in-
formation showed us that it is possible to expose patterns of use and
students’ typical work flows with the proposed agent architecture
[Paper III]. These results were used to guide the following research
step consisting of design and implementation of the teacher’s work-
ing environment for the OME with the Empirical Modelling tools.
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5.3 THEME 2: EMPIRICAL MODELLING AS AN IMPLEMEN-
TATION TOOL IN THE CLE
The aim of the Conflative Learning Environment approach is that
learning environments built upon it also provide contextualised
support for unexpected requirements in different learning contexts.
Hence, it is not enough just to collect data for example from a
robotics environment and show it to the teacher as a stream of raw
data or distinct events. The second theme in this research process
focuses to study how Empirical Modelling (EM) could be used as an
implementation platform when following the CLE approach. Var-
ious aspects of this theme were studied throughout the research
process from different viewpoints. Results of these studies are pre-
sented especially in Paper II, Paper III, Paper IV, and Paper VII.
The features of the EM environment and their connections to the
key concepts of the CLE have been discussed earlier in Chapter
4. We next present the main findings on this theme from the case
studies as reported in the original articles.
The initial Empirical Modelling study reported in Paper III, ex-
plores the possibilities that the Empirical Modelling tools allow for
building the teacher’s controlling environment, and further, the
benefits that the use of EM brings in comparison with the tradi-
tional software development tools.
The case study was carried out with two groups of primary
and secondary school children, aged between 10 - 15 years. The
children were participating in the Kids’ Club of the University of
Joensuu. The following task was given to the children: Build a
simple wheeled robot with the Lego Mindstorms kit and equip it
so that it can react to the collision. Then program the robot by using
the IPPE programming environment so that it stops when it collides
to an obstacle. To solve the task, children must use a touch sensor
in the robot and program the robot to react to the signals coming
from the sensor.
During the robotics class we built a simple model that shows
when the students had completed the assigned robotics task. The
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model building was an incremental process, and the model was re-
alised while the students were working on their robotics projects.
The model building was supported through questioning the stu-
dents about how they had planned to solve the task. The groups
agreed with each other that they would need a robot with a bumper
and touch sensor, and a program for observing the sensor, and fur-
ther that they would also need an event loop in order to observe
the touch sensor constantly.
As a result of this study, an EM model presented in Figure 5.1
was developed. The model shows the progress of each student
group as a circle (green, yellow, or red, depending on the state
of that group). Two agents were defined to observe the essential
parts of the code, namely existence of code observing the use of the
touch sensor and the event loop. In Figure 5.1, ”Group A” has got
these essential elements ready, whereas ”Group B” does not have
either of these two elements included in their code. The final result
contains 30 lines of the EM definitions (see Paper III for details).
The modelling process indicated that the EM tools are usable when
applying the CLE approach in learning environment development.
Figure 5.1: The first EM model for monitoring students’ progress
[Paper III]
The simple OME model presented in Paper III was redefined
during the research process into different forms and more compre-
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hensive models. The role of Empirical Modelling in the CLE ap-
proach was discussed, for example, in Paper II where we explored
various aspects that the EM could bring to the development pro-
cess. We concluded that not all teachers would be satisfied with
a simple classification of student status into three colours, and the
teacher can in principle change all aspects of the visualisation while
the model is running and without restarting the environment. Po-
tentially, the teacher could extend the model by adding new visual
elements to it. Figure 5.2 illustrates some additional visualisation
features of the OME that can be used to provide for the teacher a
more comprehensive view over the students’ progress.
Figure 5.2: An example of a more comprehensive EM model [Paper
III]
In Paper IV we report the outcome of the next iteration of the
cyclic model-building process for the OME. In this version, we
added alternative views for observing data, as well as functionality
to simulate students’ progress subsequently (Figure 5.3).
We concluded in Paper IV that there are technical challenges
when using the EM tools to construct a learning environment. We
proposed that to make the learning environment based on the CLE
approach and Empirical Modelling more accessible for the teacher,
the modelling of the learning process should be divided into two
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Figure 5.3: An enhanced OME model [Paper IV]
part as described earlier in Section 4.4.
5.4 THEME 3: TEACHERS USING OME
The main outcomes of the following experiment are reported in
Paper V. In this experiment, the research focused on the following
question closely connected to research question Q4: How does the
OME help the teachers who are working in a robotics classroom?
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The experiment took place in a secondary school near the city of
Johannesburg, South Africa. The boarding school had 40 children
from Grade 6 to Grade 9 registered as students. The school students
were mostly abandoned children from neighbouring communities,
and they were living in the school area.
Four teachers and 12 students participated in the study. The
participants were divided into two groups of two teachers and six
students. During the study, the students worked in pairs for a
given robotics task. Neither teachers nor students had prior fa-
miliarity with robotics. The student groups were provided with
pre-constructed wheeled robots, and the following task was given
to them:
Program the robot so that it runs forward for five seconds. Then, con-
tinue the program so that the robot runs backward to the starting position.
The teachers’ work during the experiment can be roughly di-
vided into three parts. First, they observed students’ actions through
the OME environment. When the agents delivered new data to the
modelling environment, it was automatically updated to reflect the
current situation. Secondly, the teachers used this output to deter-
mine when it was appropriate to intervene in students’ work (e.g.
when there appeared to be a problem). Thirdly, the teachers modi-
fied the rules that determined how the agent data was reported in
their environment.
Data collection in the study was conducted in three ways. First,
teaching sessions were recorded with a video camera. Second, data
produced by the agents based on the students’ actions was saved to
the students’ workstations besides delivering the data to teachers’
modelling environment. Also, teachers’ actions with the OME were
saved to log files. Third, the focus group interview was conducted
and recorded with a video camera.
All data was collected anonymously. The OME automatically
coded data produced by the agents with anonymous identifiers.
Videotapes were transcribed and anonymous identifiers were used
also for the persons appearing in the video. All data was collected
from the computers and videotapes to one location. Before the ac-
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Table 5.1: Codebook classification
Code Category
C1 Background information
C2 Experiences in using the monitoring environment
C3 Approaches for following the students
C4 Improvements for the monitoring environment
C5 Other application areas for the monitoring environment
C6 Robotics in the classroom
C7 Use of technology in the classroom
tual analysis, all data was saved to a DVD disc for a backup. Af-
ter verifying the backup, the original data from the students’ and
teachers’ computers and videotapes was erased.
The analysis started by transcribing the video and interviewma-
terial. During the transcription, a codebook (Table 5.1) was built to
help the analysis and make the analysis consistent by following a
method of open coding [43]. However, before the actual analysis,
the reliability of the codebook was tested.
In order to test the reliability of the codebook, two researchers
classified transcribed research material independently according to
the codebook categories. The researcher classified the material com-
pletely, whereas another researcher classified about 30% of the ma-
terial. To get a representative sample over the whole material, the
transcription was first divided into four parts, and a random sam-
ple of 30% was selected from each part. Based on the classifications,
the inter-rater agreement was calculated by using Cohen’s Kappa.
The result (κ = .75, p < 0.001) indicates that there was substan-
tial agreement about the codebook classification between the two
raters, based on the interpretation of Cohen’s κ-measures given by
Landis and Koch [41]. Furthermore, it is very unlikely that this
level of agreement was achieved by chance. Based on the substan-
tial inter-rater agreement, the codebook was used to support the
interpretation of the qualitative research material.
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The focus of the analysis was to identify the opportunities that
the OME brings for teachers’ work, and to identify the role that EM
principles and tools play in implementing an environment based on
the CLE approach. Furthermore, the analysis was open for unex-
pected patterns and ideas that would guide further development.
The new ideas and teachers’ opinions about the additional infor-
mation that the environment should provide were appreciated as
potentially valuable for improving the OME further. This process is
an essential part of the CLE approach. The outcome of the research
process served as an input for the next iteration of technical mod-
elling, and it also helped us to identify ways in which the teacher
can be enabled to adopt the role of developer in accordance with
CLE principles. Transcribed video and interview material was anal-
ysed by categorising material according to the codebook with the
ATLAS.ti software.
One of the main results of our study was showing that the OME
is useful in the classroom especially with teachers who do not have
prior knowledge about the educational robotics environments. The
OME gave the teachers additional data on which to rely when mak-
ing decisions regarding intervention, and they were able to use the
information provided by the OME to support the decisions.
”It’s helpful because you don’t have to rely on students to tell they
are having a problem or they are stuck, because I know that we are
having issues with some of students that they don’t ask questions
when they don’t know what they are doing.”
The teachers were able to recognise students’ particular prob-
lems through the OME system better than when observing the stu-
dents without such support. This was especially evident in situa-
tions where one of the teachers was following the students’ progress
through the OME system, whereas another teacher was observing
the student groups by herself. In these cases, the teacher in the
classroom did not notice that the students were having problems,
but another teacher was able to see this through the OME and help
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the group with the problems. Most of these cases were related to
technical problems when the students were unable to upload code
to the robot due to the unreliability of the infrared link between the
computer and the robot. It was typical for these cases that the stu-
dents did not ask for help but repeatedly tried to upload the code
to the robot, despite the error messages generated by the program-
ming environment.
The analysis of the research material (questionnaires, video ma-
terial, interview) showed that, in general, the teachers benefit from a
tool like the OME that helps them to follow the dynamics of groups
of learners. This becomes especially important if the teaching set-
ting and tools are new to the teachers. Furthermore, if the number
of students grows, the need for this kind of tool becomes more ob-
vious.
”It’s always useful to understand the dynamics of the group”
”It’s useful in the teaching environment to know what is going on
in the group. Anything that helps understand that better would
probably help to manage in the class.”
5.5 THEME 4: BACK TO THE RULES: USING DATA MINING
IN THE OME
The results presented above indicate the need for data mining tools
to automate and initiate the rule data processing and rule genera-
tion. Data collected from the experiment described in the previous
section and in Paper V was used to build a data mining function-
ality to enable semi-automatic rule generation in the OME [Paper
VI, Paper VII]. The OME version used in these case studies is the
same as that presented in Figure 4.4. The first research question
asked during the case studies related to the data mining features
and research question Q3 was [Paper VI]: What are suitable data
mining techniques for the Open Monitoring Environment and how
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should they be implemented in the OME so that they support ab-
ductive reasoning?
The development of data mining features was started by identi-
fying suitable data mining techniques by consulting data obtained
from the previous study. Captured data was preprocessed into a
suitable training set for the Weka 3 data mining environment [25] as
described in Paper VI. The training set was used to experiment with
several algorithms with Weka, including different decision trees,
decision tables, Bayesian networks, and multi-layer perceptrons. To
measure the accuracy of the tested algorithms, we used the 10-fold
cross-validation method. In this method, 10% of the data is used as
a test set and the remaining 90% is used as the training set. This
process is repeated 10 times, each time with a disjoint test set. Fi-
nally, the accuracy reported is the average accuracy across these 10
trials [68].
The J48 decision tree algorithm, best-first decision tree (BFTree)
algorithm, and multi-layer perceptrons (MLP) algorithm outper-
formed other algorithms. Table 5.2 shows the cross-validation re-
sults for the different algorithms. In the light of the weighted av-
erage for the accuracy (true positives), J48 performs best (87.1%).
Besides accuracy, we used the Receiver operating characteristic (ROC)
area measurement for validating the classifiers. According to [53],
the use of the area under the ROC curve in measuring classifier
performance should be preferred over accuracy. There were no sta-
tistically significant differences (p > 0.05) between the accuracies or
ROC areas of the different algorithms. On this basis, any of these
three algorithms could be used in the OME.
Decision trees are simple and interpretable; they are also easier
to implement in the OME than for example neural networks, which
are very hard to trace. Thus, J48 was selected as a starting point
for building the data mining features for the OME. J48 is an open-
source implementation of the popular C4.5 decision tree algorithm
[55].
Based on these results, we designed an architecture and de-
veloped and tested a proof of concept implementation for a data
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Table 5.2: Results of cross-validation
J48 BFTree MLP
Accuracy ROC Accuracy ROC Accuracy ROC
Average 87.1% 0.887 82.3% 0.899 82.3% 0.890
White 100.0% 0.921 100.0% 0.921 100.0% 0.897
Green 82.6% 0.877 82.6% 0.894 82.6% 0.908
Yellow 50.0% 0.718 37.5% 0.763 50.0% 0.733
Red 100.0% 0.971 80.0% 0.970 70.0% 0.963
mining module for the OME as described in depth in Paper VI.
An initial experiment was conducted with a primary school teacher
who did a retrospective analysis for data collected during the South
African case study with the data mining module of the OME. The
analysis was supported with video material collected during the
experiment. The aims of the experiment were a) to test a techni-
cal feasibility of the data mining implementation, and b) to get an
initial understanding about what kind of classifiers a professional
teacher is able to create with a relatively small set of data, and how
he or she interprets the results.
By following the workflow described in Section 4.5, the teacher
created the first decision tree after classifying a data set of five min-
utes (29 events). By iterating the data mining process, the teacher
created a well-working classifier after 22 minutes (92 events). The
teacher’s overall interpretation for the classifiers (Figure 5.4) was
that they indicate that the students may have had problems on com-
piling and sending their programs to the robots. Depending on the
classroom setting and number of students, teachers often experi-
ence difficulties on tracking and especially comprehending reasons
behind this type of problems without having additional tools, such
as the OME. Based on the videotapes and field notes collected dur-
ing the case study, this, indeed, was the case during the particular
robotics class. The result indicates that it is possible to create useful
and interpretable classifiers with a relatively small amount of data.
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Figure 5.4: The final decision tree generated based on teacher’s
classifications during the initial data mining experiment
The final data mining case study described in Paper VII took
place at the Kids’ Club of University of Eastern Finland. Altogether
13 club participants (between 10 and 13 years) were involved in
the study. They were divided into two groups, and these groups
were further divided into three project groups of two or three stu-
dents. The study was conducted individually for both groups of
six or seven students. Each group spent about 30 minutes with
their project. The research question for this case was [Paper VII]:
How can the OME support facilitation in a robotics class by pro-
viding the instructors learning process classifiers that are based on
real-time data?
In the experiment, by following the workflow described in Sec-
tion 4.5, the teachers created during the session 13 different versions
of decision tree classifiers. Each decision tree version was saved to
a computer’s hard disk for further analysis. The collected research
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material (decision tree classifiers and supplementary material, such
as field notes) was analysed qualitatively. The saved decision tree
models (n = 13) were analysed after the teaching sessions. The fo-
cus of the analysis was to see how the decision tree models evolved
during the teaching session when the amount of data in the OME
database was growing gradually while the students worked in the
robotics environment. Furthermore, the instructors’ working pro-
cess was analysed in order to see how they used the OME and
data mining visualisations to support the facilitation in the learn-
ing process. The analysis was supported with extensive field notes
collected during the teaching sessions.
The results from the study were two-fold. At first, we identified
a situation where the OME failed to produce an expressive classi-
fier, in contradiction to our previous findings in Paper VI with the
retrospective analysis. In this respect, the OME did not provide
the needed support for the instructors’ intervention strategies. An
average size of a data set in a time window in this study was 20%
smaller than that presented in Paper VI. This may have had a neg-
ative effect for the functionality the J48 decision tree algorithm. On
the other hand, data mining process in the OME is very sensitive
to the nature of data collected from the learning process, as well as
to users personal preferences and pedagogical expertise. After not
being satisfied with the output of the OME, the instructors were
able to adapt the environment to meet the context-dependent re-
quirements, and adjust the OME eventually to fulfil the monitoring
needs, with the ultimate view of understanding the students’ learn-
ing difficulties.
The analysis of data mining features and the robotics class in-
structors’ working processes show us that the instructors are able
to use the key EM features to modify the learning environment to
match to the current context as proposed in the CLE approach. This
activity goes beyond normal teacher activities in a classroom, and
role blending between a teacher and a software developer in a learn-
ing environment provides a novel way for building a personalized
and contextualized support environment for a robotics class.
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6 Discussion
Teachers working in explanation-oriented learning environments
often need support for facilitating students. Finding the explana-
tions behind the current phenomena in the classroom, a process of
abduction, can foster creativity in the learning and teaching pro-
cesses [59], but so far this has been rarely exploited in the learning
environments.
Intelligent Tutoring Systems often use data mining to build mod-
els for learners and their progress. However, model building and
implementation is usually a complex and time consuming process,
and it involves domain experts to prepare data and train the mod-
els, and software developers to implement the models within the
learning environment. Amershi and Conati [1] give an example of
an automated data mining solution to support exploratory learning
activities. They, however, conclude that their approach requires a
substantial amount of data to work.
The OpenMonitoring Environment aims to encourage the teach-
ers to think creatively and explore the reasons behind the current
situation in the classroom by classifying the patterns of events and
visualising the predicted progress based on a semi-automatic and
incremental data mining process. One of the main findings from
our research is that, by opening the data mining process to the
teacher, it is possible to implement the required support for finding
explanations and exploring learning processes even with relatively
small data sets.
It is evident that the OME and similar monitoring environments
are beneficial especially for the teachers who are novices in working
with a robotics environment. Use of technology in teaching was
not an issue for teachers who participated in our study in South
Africa [Paper V], because all of them were familiar, for example,
with the computers, and they had used them in teaching. However,
neither the teachers nor the students were familiar with the robotics
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and the possibilities that the robotics environment affords. Despite
the lack of experience in working in the robotics environment, or
perhaps just because of it, the teachers gained benefit from using
the OME and it helped them to see the problems that they would
not necessarily have noticed.
End-user development, with its various aspects, provides tools
for tailoring learning environments to suit different contexts. How-
ever, new tasks and processes that the development activities and
role blending bring to the teachers’ work may rapidly turn to be
too overwhelming or difficult. For example, the requirements for
the skills that are needed to modify the Empirical Modelling defini-
tions as presented in the examples of this thesis easily go beyond a
regular teacher’s level of skills. This is because EM indeed requires
a certain amount of programming knowledge and skills for formal
thinking, even though working with the EM tools should not be
considered as programming in traditional sense.
It would be possible to provide sophisticated user interfaces
with the Empirical Modelling or other implementation platform,
but providing too finished solutions limit the teachers’ possibilities
to effect ”under-the-hood” functionality of a learning environment.
One way to balance between these two extremes is that proposed
by the OME, where the user interfaces are essentially fixed, and
hence not subject to pedagogical modelling. The low-level access
to selected core functionalities of the environment, such as interac-
tion with the data mining process and resulting classifiers, blends
the roles of a developer and a teacher and activities associated with
them. The role blending, however, does not interfere with the teach-
ing but on the contrary, it naturally supports the decision making
in the classroom.
When working in unconventional ways in the software develop-
ment domain, there is also a need to develop an alternative metrics
for evaluating the outcome. Data mining applications are usually
evaluated by their statistical accuracy and precision ratio, but other
factors such as interoperability and pedagogically meaningful con-
structions of the classifiers are even more important aspects in the
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OME than the traditional data mining measurements. When work-
ing with the OME and data mining environment, the teacher incre-
mentally makes a classifier that resembles his or her ways of com-
prehending students’ progress. This evidently makes the classifier
perform better in the particular learning setting, but not necessarily
in other similar settings or with other teachers whose the pedagog-
ical preferences and teaching style are different.
To make role blending a solid part of the learning environment
construction process, as proposed by the CLE approach, the tools
should also support such a working paradigm. We have used Em-
pirical Modelling with the current OME implementation. It is of
course clear that a monitoring environment with features similar
to those of the current OME could be constructed using paradigms
other than Empirical Modelling. However, there are fundamen-
tal differences between EM tools and traditional programming ap-
proaches that need to be addressed in this discussion.
It is important to notice that EM is a holistic approach for build-
ing computer-based artefacts, and it cannot simply be compared
either to any particular phase of programming, or to an entire
programming process [26]. This arises from the fact that ”tradi-
tional” programming approaches are focused on producing an out-
put based on the specifications, whereas EM is primarily about de-
veloping understanding of a situation in the current world (e.g. a
robotics classroom, in the context of this thesis). Based on this, I
argue that EM suits in the CLE approach better than traditional de-
velopment tools, such as Java. The working processes in the CLE
approach require a flexible and easily accessible development envi-
ronment, and EM has these features built-in allowing needed role
blending in the development. It is clear that the development and
teaching processes cannot be blended completely. There is always
a need to prepare the environment for each new context in advance
by making a distinction between technical and pedagogical mod-
elling.
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6.1 APPLYING THE OME IN OTHER CONTEXTS
We have presented the CLE approach and the OME with a strong
focus on the educational robotics context. However, the CLE ap-
proach and the applications built based on it, such as OME, can
also be rather easily applied in a completely different domain. An
important aspect of the Empirical Modelling approach is the pro-
cess of constant refinement of the model and the re-use of exist-
ing models. The EM repository [15] provides a catalogue of pre-
existing models which can be modified to suit to the new contexts.
The adaptation of the existing models obviously requires a certain
amount of work, and a technically oriented person should do this
as part of the technical modelling process of the CLE approach.
While modelling the early prototypes of the OME, we noticed
that the data collection methods and learning process reconstruc-
tion tools of the OME are especially well-suited for deployment in
other application areas. While building our robotics application,
we applied the replaying module in an educational game for a re-
search project studying technologies for HIV/AIDS education [2].
The new module allowed the teacher to replay students’ actions in
the game and analyse their thinking during the learning process.
The adaptation of the existing module to a new context required
very few changes to the original definitions, and the experience
confirmed our view that Empirical Modelling can be used as an ef-
fective approach for constructing conflative learning environments.
The latest development on using the OME and ideas behind
it is described in [28], where we concluded that one of the ma-
jor challenges in tablet-based learning environments is in provid-
ing sufficient support for teachers. Furthermore, we explored what
possibilities the OME could provide in such environments. This
development is well aligned with our work on bringing open data
mining features to a commercial Geddit learning environment [21].
Interactions in Geddit aim to help the teacher to understand how
well students are learning through a color-coded view based on
students’ responses about how confident they are with what they
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are being taught [65].
6.2 LIMITATIONS OF THE STUDY
This research investigated the Conflative Learning Environment ap-
proach and the Open Monitoring Environment mainly in the con-
text of educational robotics classes. Hence, generalisation of the
results to other contexts cannot be made without further investi-
gations. Some of these efforts are described in Section 6.1. The
strong emphasis on technical development and experimental na-
ture of the implemented environment led us to conduct case stud-
ies with rather small groups of teachers and students. The technical
analysis of the environment played an important role in the case
studies, and this, together with small target groups, did not leave
room for a thorough analysis of the teachers’ working processes
and the effect of the OME in teaching. This makes generalisation
of the results difficult. The OME works well in the robotics settings
similar to those of the case studies, but the impact of different kind
of data sources need to be addressed in the further studies.
The problem of generalisation is also partially connected to the
technical limitations of the Empirical Modelling environment. EM
is no doubt very well aligned with the CLE approach. Even though
EM tries to capture informal real-life observations and user’s em-
pirical observations, it obliges the user to use a formally defined
syntax similar to procedural C language. Though EM proved very
efficient in implementing simple models (cf. the early OME version
presented in Section 5.3), the complex models such as the final OME
version presented in Section 4.5, are rather difficult to maintain and
enhance due to reasons discussed more deeply in [52].
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7 Conclusions
In this thesis, we have developed an Open Monitoring Environment
(OME) to help teacher’s intervention in educational robotics classes.
In parallel with the development of the OME, a novel Conflative
Learning Environment (CLE) approach for constructing learning
environments was defined. The research problem was divided into
four research questions. This work answers to these questions as
follows.
7.1 RESEARCH ANSWERS
Q1: What are teachers’ expectations for modelling learning progress
in educational robotics environments?
This question was answered by analysing literature and deriv-
ing conclusions based on the lessons that we have learnt during
almost 10 years of running educational robotics activities in var-
ious settings. Cyclic learning processes, group-oriented working
methods, and students’ unpredictable paths for problem solving
often lead teachers to difficulties in following the activities in the
classroom. These challenges and other expectations in educational
robotics settings are analysed in Chapter 3.
Q2: How is it possible to conceptualise the modelling process?
Existing approaches and applications for following the students
emphasise mostly theory-based approaches for building the learn-
ing model, and these tools are not usually accessible for the modifi-
cations by the teacher. To answer this question, we have defined an
alternative approach for building the learning environments. The
Conflative Learning Environment (CLE) approach takes the users
of the learning environments beyond their traditional roles of ’tech-
nology user’ and blends the users’ activities and working environ-
ments with each other. The role blending takes place through cyclic
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processes where the users contribute to building the learning en-
vironment that is developed gradually by modelling the empirical
observations arising from the current learning setting. The mod-
elling is an essential part of the ongoing processes in the learning
environment, and it can be done without interrupting the process
in order to develop the features needed to enhance the learning
environment, in contrast to traditional educational technology de-
velopment process. The CLE approach is discussed in Section 4.4.
Q3: What are technical requirements for implementing a learning
environment based on the CLE approach?
This question was answered by gradually modelling the activ-
ities in the robotics environment with Empirical Modelling tools
and experimenting with the models in educational robotics set-
tings. The Open Monitoring Environment consists of various mod-
ules and views for observing the students in the robotics classroom
based on the rules that are derived from data collected from the
background of the students’ learning processes. Besides modelling
the monitoring environment with the EM tools, the development
featured an implementation of an agent architecture to collect stu-
dents’ interactions with the IPPE programming environment and
Lego robots. Furthermore, open data mining features were devel-
oped for the OME for semi-automatically creating the rules. Fea-
sibility of the developed technical solutions was tested in various
robotics settings. The results showed that a) the agents are func-
tional in collecting data, b) the EM tools can be used to build an en-
vironment such as OME, and c) data mining methods, and decision
trees in particular, are efficient on classifying events and exposing
unexpected patterns of actions arising from educational robotics
classes. We answer this question by introducing the OME and its
features in Section 4.5.
Q4: How does the OME support teachers’ work in unpredictable
robotics settings?
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This question was answered by conducting several case studies
in real educational robotics settings in Finland and South Africa.
The results show that the OME provides relevant additional sup-
port especially for teachers who are novices in working in the ro-
botics environments. Furthermore, the Empirical Modelling was
proved to be an effective approach for implementing an environ-
ment such as the OME. Data mining techniques can be used effec-
tively to implement a mechanism to classify the events occurring
in the educational robotics environment. The result of the classifi-
cation process can be used to support the teacher when he or she
explores the explanations behind phenomena in the classroom. The
results of the analysis are presented in Chapter 5.
7.2 FURTHER QUESTIONS
We have shown in this research that it is possible to build a support-
ing environment for the teachers so that the environment encour-
ages role blending between a teacher and a software developer. In
the current implementation of the OME, the teacher builds learning
progress models by utilising his or her expertise, first-hand experi-
ences from the current learning setting, and intuition. The students,
for their part, use the standard environment (the IPPE program-
ming environment and Lego robotics) without any explicit inter-
vention for the learning modelling process. A relevant question for
further studies would be how to actively involve the students in the
modelling process, and how to make them contribute to the models
by blending the roles of a student and a developer, or of a student
and a teacher.
The OME versions developed for this research were highly ex-
perimental, and deployment in a larger classroom for continuous
use may require a considerable effort for rebuilding especially in
respect of the teacher’s monitoring environment in Empirical Mod-
elling. The Empirical Modelling environment may not be very ac-
cessible for regular teachers, and recovery mechanisms for unex-
pected crashes of the EM environment need to be considered es-
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pecially carefully in order to avoid unnecessary interruptions and
data loss in the modelling process. A bigger question connected
to this is whether the EM would be an ideal tool for implement-
ing the OME in larger scale or whether the experimental nature of
the EM tools prevents the teachers form utilising the environment
efficiently. On the other hand, the unusually open and explorative
EM environment supports the key concepts of the CLE approach
better than any other development or modelling environment we
are aware of. The latest development with the web-enabled Empir-
ical Modelling variant JS-EDEN may provide a feasible option for
deploying a more reliable and modern version of the OME. Indi-
cations for suitability of the JS-EDEN for such a development [27],
as well as our initial thoughts [28] for this approach in the OME
can already be found in the literature. As the JS-EDEN is a HTML5
and JavaScript application, it provides support for a wider selec-
tion of platforms, including tablet-based computing environments
(iOS, Android, Windows RT) whereas the EM version used in this
research is limited to desktop use only. Alongside with this devel-
opment, it will be topical in the future research to study how the
OME supports teachers in contexts other than educational robotics.
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Modern technology-enhanced learn-
ing environments raise the need for 
flexible tools for analysing learning 
data. This dissertation presents the 
development of an Open Monitoring 
Environment, which utilises a novel 
data mining method for building 
contextualised models for observing 
learning processes in educational 
robotics classes. The results can be 
extended to serve monitoring and 
analysing learning data in different 
contexts through a novel Conflative 
Learning Environment approach.
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